A previous study of a Vertisol with gilgai showed that soil cracking behavior proved difficult to represent using only current soil water content. However, soil moisture immediately preceding crack opening, called antecedent soil moisture, seemed to be an additional significant factor in explaining variations in surface cracking in field conditions. In this current study, the objective was to evaluate the effect of short-and long-term fluctuations of weather on surface cracking in this Vertisol using wavelet analysis. Soil cracking was monitored at a 100-m 2 site of Laewest clay, a fine, smectitic, hyperthermic Typic Hapludert under native prairie vegetation in the Texas Gulf Coast Prairie during 1989 to 1998. Daily water availability index (WAI) calculated from precipitation and reference evapotranspiration was analyzed using discrete wavelet transformation. The data sets consisted of daily WAI values selected for 1024 d before 106 observation dates with and without cracks categorized according to gilgai microtopography. Long-term trend of WAI was separated from seasonal fluctuation using nonparametric kernel estimation. Discrete wavelet transformation was combined with multiple stepwise linear regression to identify time periods in history of available water that were significant (p < 0.01) for modeling crack area density. Data showed that WAI at time periods of 4 to 8 mo before crack measurements was significant in modeling cracking in addition to WAI at time periods corresponding to crack observations. Thus, results supported the hypothesis of the effect of antecedent moisture on the extent of surface soil cracking. Evidence also indicated significant WAI 1 and 2 yr before cracking.
Abbreviations: DEM, digital elevation model; WAI, water availability index.
Vertisols that exist extensively in many regions of the world (Coulombe et al., 1996a (Coulombe et al., , 1996b .
Models of soil crack formation and closure use soil water content at the time of cracking (current soil water content) as the main variable driving the process of shrinking-swelling in a given soil (Belsman et al., 1983; Bronswijk, 1991; Hendrickx and Flury, 2001; Šimůnek et al., 2003; Arnold et al., 2005; Bedient et al., 2008; Lepore et al., 2009 ). However, in laboratory shrinkswell measurements, history of soil wetting and drying was also found to be influential on the magnitude of cracking. Stress history caused by previous wetting-drying has drastically affected rehydration behavior of Ca 2+ -and Mg 2+ -smectites (Parker et al., 1982; Wilding and Tessier, 1988; Tessier, 1990) . Shrinkage of soil clods has also been found to be greatest when drying started from near saturation compared to drier states (e.g., Ritchie, 1980a, 1980b) . The magnitude of cracking was also observed to increase following repeated intensive wetting-drying cycles (Wells et al., 2003 (Wells et al., , 2007 Römkens and Prasad, 2006; Peng et al., 2007) .
In field conditions, observations on soil cracking related to the history of wetting and drying are rare. As an indirect observation, Lin et al. (1998, Fig. 5 ) documented a 10% increase in the infiltration rate of a Vertisol at the same water content after a week-long tropical storm and a 5-wk drying period compared to before the storm. A similar trend was presented by Das Gupta et al. (2006, Fig. 5A ) also on a Texas Vertisol. Hydraulic conductivities measured at the same soil water contents increased eightfold after an extremely wet fall and winter followed by a period of drying (Das Gupta et al., 2006) .
Direct observations on soil wetting-drying and associated surface soil cracking were reported in a field study conducted over a 10-yr period (Kishné et al., 2009 (Kishné et al., , 2010a Miller et al., 2010) . In addition to current soil water content, Kishné et al. (2010a) found that antecedent soil water, soil water content just before the start of cracking, seemed to influence dynamics of surface cracking of the Vertisol studied. Moreover, the antecedent soil water content and cracking extent seemed to co-vary with a multi-year fluctuation of long-term weather variability. This relationship was not examined quantitatively because it was out of the scope of the study investigated by Kishné et al. (2010a) , which was primarily focusing on measured and empirically estimated current and antecedent soil water contents.
In this paper, our hypothesis was based on the previous observations and questions presented by Kishné et al. (2010a) , in particular that long-term weather fluctuation may also have significant influence on the magnitude of surface cracking in Vertisols in addition to seasonal, short-term weather fluctuation. To test this hypothesis, our specific objective was to evaluate the effect of short-and long-term fluctuations of weather on surface cracking of a smectitic Vertisol using wavelet analysis.
MATERIALS AND METHODS

Study Site and Data Collection
The field study was conducted on a 10 ´ 10 m area in Victoria County, Texas (28°39'46'' N and 96 o 46'20'' W) , and was reported in detail by Miller et al. (2010) and Kishné et al. (2009) . The soil was Laewest clay, with circular gilgai (Soil Survey Staff, 1999) . It was developed on calcareous clayey alluvium of the Pleistocene-age Beaumont formation, a fluvialdeltaic terrace in the Gulf Coast Prairie Major Land Resource Area of Texas (Nordt and Driese, 2009 (Soil Survey Staff, 1990; Field notes, unpublished data, 1989) . The composition difference between the microhigh and microlow positions was noticeably minor between the microhigh and microlow positions in the region at the time of survey (Soil Survey Staff, 1990; Wilding et al., 1990) . However, dynamic changes of botanical composition were expected due to variable long-term soil moisture conditions. Soil morphology was described and soil samples were collected in the vicinity of the study site in September 1988, 9 mo before starting the crack measurements (Soil Survey Staff, 1990 ; Soil Survey no. S88-TX-469-001, S88-TX-469-002). The soil solum was 3.80-m deep in the microhigh and 3.55-m deep in microlow. Both the microhigh and microlow had Mollic over Cambic diagnostic horizons; the depth of epipedons were 0.36 and 1.01 m for the microhigh and microlow, respectively. The microhigh profile was calcareous to the surface, but the surface was noncalcareous 0 to 1.34 m in the microlow. The coefficient of linear extensibility (COLE) varied between 0.09 and 0.15 in the upper 1.86 m of the microhigh, and between 0.10 and 0.18 in the upper 2.8 m of microlow. A permanent groundwater table was apparent at 5.1-m depth at the time of profile description and was mostly below 3 m during the entire study (Kishné et al., 2010a) . In addition to crack measurements, qualitative field observations were also recorded on 181 d, 64 indicating no cracking surface soil conditions. Thus, in this study, conditions of soil cracking were investigated on a total of 106 dates (42 dates with crack measurements, 64 dates with no cracking).
In the study area, length of all surface cracks was measured manually with 5-cm accuracy and mapped to scale on diagrams on 42 dates during 1989 to 1998. Crack width was measured at selected locations and documented using a color code with limits of 0.5, 1, 2, 5, and 7 cm. The extent of surface cracking was quantified as crack area density calculated from crack width and length obtained from the digitized crack diagrams (Fig. 1) . Numbers of measurement dates of crack monitoring were two in 1994, 1996, and 1998; three in 1991, 1995, and 1997; four in 1989; seven in 1992 and 1993; and nine in 1990 . The complete data set and a detailed method description can be found at http://soilcrop.tamu.edu/research/pedology/crackdata.html.
Gravimetric soil water content was determined from soil samples taken in two to three replicates at depths of 10, 25, 50, 75, and 100 cm in microhighs and microlows close to the study site on 50 dates; 18 dates coinciding with crack measurements. For days when soil water content was not measured, daily soil water content at depth of 10 cm was estimated empirically with linear multivariate models for microhighs and microlows. These models were developed using cumulative precipitation and reference evapotranspiration data 16 wk before date, and were significant (p < 0.001) with r 2 = 0.79 for microhighs and r 2 = 0.73 for microlows, and RMSD = 0.04 kg kg -1 (Kishné et al., 2010a) . Antecedent soil water content before cracking was assessed using prior peak daily estimates of soil water content and field notes describing soil surface conditions (Kishné et al., 2010a) .
Crack observations were grouped by microhighs, microslopes, and microlows for analysis in this study because the extent of surface cracking was different according to gilgai microtopography (Kishné et al., 2009; Miller et al., 2010) . Fewer cracks were found on microlows than on microhighs. Moreover, out of 42 measurement dates, cracks occurred on microhighs on 42 dates, on microslopes on 41 dates, while on microlows only on 36 dates (Table 1) . Microtopography was quantified based on a digital elevation model (DEM) developed from survey leveling data. Microhigh, microslope, and microlow categories were classified from the DEM using spatial analyst tool in ArcGIS 9.0 (Environmental Systems Research Institute, 2005) . Microhighs including up to 0.25-m calcareous mounds and ridges covered 38% of the study area, while typically noncalcareous microlows (10-25-cm deep, 2-3-m wide, about 6-7-m apart) covered 19%, and microslopes covered 43% of the site (Fig. 1) .
For characterizing weather variation, daily minimum and maximum temperature, wind speed, relative humidity, and precipitation along with hourly solar radiation were collected at the weather station of Victoria Regional Airport, Texas, 16 km north of the site. To fill-in missing precipitation data within 1 Jan. 1996 and 30 Apr. 1996, we used daily precipitation data collected in Port Lavaca, TX, about 20 km south of the measurement site. Two-week cumulative precipitation measurements collected at the site were compared to the daily data collected at the weather stations to adjust for local anomalies in amounts of rainfall if the difference between precipitation measured at the study site and the weather station was >2 mm d -1 . The precipitation adjustment was distributed proportionally on the days when rain was indicated at the weather station.
To assess autocorrelation of regularly sampled time series of precipitation and evapotranspiration, temporal sample autocorrelation functions were calculated using S-Plus 7.0 (Insightful Corp., 2005) (Millard and Neerchal, 2001 ). The temporal sample autocorrelation function was estimated for approximately 3.5 mo with lag intervals of 1 d (lag 100) and plotted against the lag. For statistical testing the presence of autocorrelation, a lag-k autocorrelation test was used based on Yule-Walker estimate with α = 5% (Millard and Neerchal, 2001 ).
Water Availability Index
To evaluate the relationship between surface cracking and trends in available water, a simple daily WAI was calculated cumulatively following Heinsch et al. (2004) :
where i is a daily index; nPCPT is normalized precipitation; and nET 0 is normalized reference crop evapotranspiration. Daily reference crop evapotranspiration (ET 0 ) was calculated according to the FAO procedure to estimate ET 0 from a hypothetical 12-cm tall grass surface (Ham, 2005) . Normalization was achieved by dividing the daily totals of precipitation and reference evapotranspiration by their 13-yr average of annual totals. The daily WAI was initialized on 1 Jan. 1986, about 3 yr before the first crack measurement. Figure 2 depicts the fluctuation of daily WAI over the study period. A negative slope in Fig. 2 indicates drying trends due to smaller daily precipitation than ET 0 , and a positive slope indicates wetting trends with rainfall exceeding ET 0 . For wavelet analysis, WAI time series segments were selected covering 1024 d (2 10 days) before dates analyzed. On analyzed dates, either cracks were measured or observations of "no cracks" were recorded for a total of 106 dates. Table 1 shows the basic statistics of crack area density (AD) on days when cracks were measured on the soil surface, grouped according to microtopography. Since the distribution of crack data was positively skewed in all three data sets, the data was transformed using a natural log-transformation following a translation transformation applied to all crack values which included adding a very small amount (half of the minimum value in each data set, <0.5 cm 2 m -2 ). This minimal addition to the zero crack values forced all data to be positive as required by power transformations in general (Fan and Yao, 2003, p. 216) . Figure 3 illustrates the fluctuation of daily WAI in 1024-d segments for 2.8 yr before three crack measurements. These dates were selected to represent the extreme cracking conditions illustrated also in Fig. 1 . A relatively small total crack area was measured on 7 June 1989 although about 2 yr of a general drying trend preceded that date. On the contrary, about 20 times greater total crack area was measured on 3 Sept. 1993. This large crack area developed following a longer than 2 yr of annual above normal precipitation and then 2-mo seasonal drying. The third WAI segment shows a great fluctuation of seasonal wetting and drying before the date of largest total crack area measured in the 10-yr study, over 100 times greater than the maximum cracking measured in the summer of 1989.
Estimation of Trend Component in Water Availability Index Time Series
Locally weighted regression techniques are useful tools for quantifying trends in time series (Heiler and Feng, 2000; Fan and Yao, 2003, p. 232; Ghosh et al., 2009 ). To separate long-term trend from seasonal and stochastic components of the WAI time series, we applied kernel smoothing. Based on kernel density estimation, mean values of the response variable were estimated locally with most weights close to the center at the point of interest (Bowman and Azzalini, 1997, p.49) . Specifically, we estimated the trend in WAI with the commonly used Nadaraya-Watson nonparametric regression estimator by applying a Gaussian kernel regression algorithm (Cao, 2008) in MatLab R2010a. To filter out seasonal variation, the smoothing parameter was 183 d, or half a year. For the last crack data measured on 20 July 1998, the positive side of the kernel window had only 173 d because WAI was calculated until 31 Dec. 1998. However, kernel tails have small effects on the mean estimation due to small weights of Gaussian distribution applied in the tails, thus this effect was considered negligible.
Wavelet Analysis
To investigate long-term, complex weather variability, wavelet analysis is a commonly applied technique (Wang and Wang, 1996; Torrence and Compo, 1998; Nakken, 1999; Persival, 2008) . It is particularly valuable in quantifying structure of nonstationary sequences of measurements recorded at regular intervals with the only assumption that the variance is finite (Lark and Webster, 2004). Wavelet transformation is also frequently used to quantify data structure of hyperspectral reflectance (e.g., Ge et al., 2007; Viscarra Rossel and Lark, 2009) , time series of geophysical variables (Percival, 2008) and spatial variation of soil properties (Lark and Webster, 1999, 2004; Lark, 2007; Si, 2008; Milne et al., 2010) . It is very effective for feature extraction and image compression to reduce data dimensionality by decomposing signals into a set of orthogonal wavelet basis or for spatial scaling by partitioning spatial frequencies represented in the data into different scales. For analyzing local trends, wavelet transformation is particularly advantageous to identify abrupt changes, breakdown points, and discontinuities in time and frequency (Nakken, 1999) .
The wavelet transformation acts like a digital filter performed with different window sizes producing low-and highpass filtered data series. Thus, the magnitude and frequency of a time series of a variable recorded at regularly-spaced intervals can be represented by wavelet coefficients (discrete or continuous) in time and at several scales (Torrence and Compo, 1998; Percival, 2008; Ghosh et al., 2009) . In detailed reviews of this technique, the theory has been discussed extensively elsewhere (Percival and Walden, 2000; Addison, 2002; Percival, 2008; Si, 2008; Viscarra Rossel and Lark, 2009) .
In this study, discrete wavelet transformation (DWT) was applied to the original daily WAI time series that contained 1024 data points before each crack measurement. For wavelet analysis of a time series, a series of coefficients are computed as the inner product between the original time series and the dilated and shifted versions of the mother wavelet to quantify local matching of the wavelet with the data series (Addison, 2002) .
For the mother wavelet in our study, the Haar wavelet was used, which is the simplest possible wavelet transformation (e.g., Lark and Webster, 1999; Ge et al., 2007) . The Haar wavelet satisfies the three criteria required for a mother wavelet function, which are zero mean, squared norm of one, and a compact base or support, providing a strongly localized analysis (Lark and Webster, 1999) . Mathematically, the Haar wavelet system contains the scaling function Φ (t) and the wavelet function φ (t) illustrated in Fig. 4 . The wavelet system is calculated as following:
where t is the time with different resolution at certain scales, j and k are the scaling and shifting parameters, respectively, and s 0 is 2, representing dyadic discrete wavelet transform.
In an iterative process of filtering, a pair of complementary series was computed using the Haar wavelet system, specifically the approximation coefficients (A j,k ) and the wavelet coefficients or detail coefficients (D j,k ). The approximation coefficients reflect low frequency components (i.e., low-pass filter), while the wavelet coefficients contain details at a certain scale or level (i.e., high-pass filter). These coefficients are computed as:
where ‹› denotes the vector inner product operation, and f(t) is a time-series. Starting at the highest scale J 1 , the approximation coefficient series, A, is equal to the original time-series with length of 1024 d. For the next level, the approximation coefficient is decomposed into another pair of approximation and wavelet coefficient series. In our study, the decomposition process was subject to seven levels of dyadic wavelet decomposition, removing the 256-and 512-d windows. At the lowest scale, the series had eight wavelet coefficients, each corresponding to a time-window of 128 d. The levels of wavelet coefficients with time-windows narrower than 8 d were excluded from the analysis. The reason for excluding 1-, 2-, and 4-d time windows is that temporal autocorrelation may occur in these periods since these are shorter than the autocorrelation range of precipitation (1 wk) and of ET 0 (2.5 mo). The wavelet analysis was performed using Wavelet Toolbox in MatLab R2008.
Identification of Effective Time Periods
To identify periods of weather fluctuation affecting soil cracking in our study site, stepwise multiple linear regressions were computed to select significant wavelet coefficients in terms of correlating with soil surface crack area density. This method has been applied successfully in selecting significant spectral reflectance wavebands to develop prediction models for total clay content in soil samples (Ge et al., 2007) . In our study of soil cracking, data sets of WAI were not divided for training and validating groups because our purpose was not prediction, but an analysis of trends.
Stepwise multiple linear regression modeling was applied with consideration of all significant, available wavelet coefficients as regressors. The p value was set as 0.01 to enter and 0.1 to remove a variable. The stepwise multiple linear regressions were performed using Statistics Toolbox in MatLab R2008. The independence of the residuals from the linear regression models was checked by using the Durbin-Watson statistic (Millard and Neerchal, 2001, p. 660-661) .
The results of wavelet decomposition and found significant time windows were presented as schematic, two-dimensional time-scale tiling in Fig. 5 following Burrus et al. (1998) . The horizontal dimension of tiling represents time windows. The scale of 128-d time window was the lowest scale with the broadest significant time window identified. Across different scales, overlapping significant time windows with special importance can be easily recognized. This representation method is similar to the waveband-scale tiling used by Ge et al. (2007) .
RESULTS AND DISCUSSION
Original Time Series of the Water Availability Index
Interannual variability of daily WAI data series was interrogated using Haar wavelet decomposition. Time windows found significant using discrete wavelet analysis of original WAI time series combined with stepwise multiple linear regression modeling are shown in Fig. 5a . Ten significant wavelets were found for microhighs and microslopes and eight for microlows. Including all the significant wavelet coefficients in each model, adjusted R 2 values were 0.80 for microhighs and microslopes, and 0.74 for microlows. The model residuals were considered independent based on the Durbin-Watson test for all three gilgai categories. Trends in the significant time periods illustrated in Fig. 5 show that the importance of time windows generally decreased with length of time passed at all three gilgai categories. These trends were considered to be general tendencies since specific variations that might be due to runoff and runon processes and redistribution of water in different soil horizons were not taken into account in this simple approach.
Considering time windows common for all three microtopographic areas (Fig. 5b) , the first significant time window of the WAI series, marked "A", was at the 32-d scale-approximately 0 to 1 mo before each crack measurement. The importance of this time period marked "A" in Fig. 5b was supported by another significant finer scale window of 8 d. All wavelet coefficients relating to windows of 0 to 1 mo just before crack measurements were negative across microtopography. In addition, about 3 mo preceding crack measurements, small windows of WAI values were significant predictors of cracking magnitude in microslopes and microlows (Fig. 5a ). The wavelet coefficients in these periods also established a negative correlation between WAI and cracking. Since the inverse relationship between soil water content and magnitude of soil cracking is well known and modeled in traditional shrinkage curves (e.g., Coquet et al., 1998) , we considered these periods to be related to the short-term current soil moisture variation, the primary driver of soil cracking. Wavelet variables of WAI in time-period "A" alone explained 48% of crack variation in microhighs, 50% in microslopes, and 41% in microlows (Table 2 ). The first 3-mo time period of WAI that was found significant in this study generally agreed with results of multiple regression models of surface cracking using surface soil water content in the previous study by Kishné et al. (2010a) . In that study, variation in precipitation and evapotranspiration in time periods up to 16 wk were found to significantly predict (p < 0.001) current soil water content that correlated with the magnitude of soil surface cracking (Kishné et al., 2010a) .
The second time-period "B" (Fig. 5b) observed commonly for all three microtopographic areas covered 4 to 8 mo before crack observations. The importance of this time period was supported by significant wavelet coefficients at the scales of 128 and 64 d. Within this broad period, the wavelet variables were positively correlated with the magnitude of cracking, similarly to the antecedent soil moisture effect suggested in the earlier study by Kishné et al. (2010a) . Our current findings further supported that period B was likely related to the antecedent soil moisture conditions. These results are new compared to the earlier findings by Kishné et al. (2010a) in that, although both investigations involves precipitation and evaporation data, the first study was based on empirically estimated daily soil moisture, in contrast to the present study where we independently analyzed the variability of weather conditions in correlation with soil cracking. The positive correlation between antecedent soil water and soil cracking likely means that the greater the water saturation in the soil just before the start of cracking, the greater the crack extent at certain current soil water content following desiccation. Adding the wavelet variables of time-period B to the crack model improved the model by 16 to 17% (Table 2) . Long-term variability in surface soil cracking, that cannot be modeled accurately with a single variable, namely the current soil water content, is better explained by dual dynamics of antecedent and current soil water contents (Kishné et al., 2010a) . Estimated crack volume seemed to reflect similar tendencies in a preliminary study based on the same data set (Kishné et al., 2010b) .
The third and fourth time-period marked "C" and "D" in Fig. 5b appeared commonly for all three gilgai categories at the 16-and 8-d wavelet decomposition scales. Both time periods had negative correlation between the WAI wavelet coefficients and crack area density. The trends in period C and D were similar to period A in terms of correlation to crack extent on the surface approximately 1 and 2 yr before the crack measurements. However, these wavelet coefficients were less influential in the models than periods A and B (Table 2) . Including the wavelet coefficients from the 1-to 2-yr periods into the models improved the modeling only slightly, but significantly (1-2% for period C, and 3-5% for period D). The effect of soil wetting 1 and 2 yr before soil cracking had greater uncertainty than period B. At about 18 mo before cracking on microlows, there were wavelet coefficients with positive and negative signs. In addition, periods of wetting about 2.5 yr earlier were not common in all three gilgai categories.
To quantify relationships between soil cracking, soil moisture conditions, and weather variability, the measured data of gravimetric soil water content, crack length and width, precipitation, and other atmospheric variables went through various transformations in this study. Uncertainty inherently involved in these transformations and estimations were not assessed directly, only using p values associated with regression analysis.
In summary, the extent of surface cracking of the Vertisol studied seemed to be influenced by an almost 2.5-yr history of wetting and drying in addition to the current available water at the time of cracking. The maximum available water just before cracking expected to impact antecedent soil moisture condition, as well as the degree of minimum and maximum available water 1 and 2 yr earlier showed significant influence on the extent of cracking. The influence of those periods decayed as time passed. These findings were in alignment with reports by Peng et al. (2007) who, in studying the relationship between water potential and void ratio, found evidence that the maximum intensity of previous wetting and drying cycles affected soil structure and shrinkage behavior of undisturbed soil samples of clay. Peng et al. (2007) also highlighted that the history of maximum intensity, but not the frequency or sequence of previous wetting and drying cycles, significantly altered the water-shrinkage relationship. Figure 6 depicts the original daily WAI time series with the trend estimated using locally weighted Gaussian regression. The trend reflected a nonlinear, slow changing cycle of about a 3-yr Table 2 . Cumulative contribution of wavelet variables expressed as adjusted R 2 for time periods found significant (p < 0.01) in explaining crack area densities commonly on all gilgai categories. In parenthesis, the total number of wavelet coefficients included in the multivariate model is listed. Time periods A to D corresponds to 0 to1 mo, 4 to 8 mo, 12.25 to 12.75 mo, and 25.5 to 26 mo before crack measurements, respectively. depletion and 3-yr recharge in available water within the 10-yr study period (Tolan, 2007) . The seasonal variation in WAI exhibited the annual rhythmic patterns commonly found in the Texas Gulf Coast Prairie region (Nielsen-Gammon, 2009 ). This pattern of seasonal fluctuation agrees with components considered in time-series decomposition by Heiler and Feng (2000) . The peaks of seasonal fluctuations in 1993 and 1997 were twice the maximum magnitude than in other years, indicating that 1993 and 1997 had extreme wetting conditions. The lowest values of WAI corresponded to escalating droughts experienced in 1990 , 1997 (Kishné et al., 2009 Miller et al., 2010) . Based on theory, the finding of soil cracking being associated with water dynamics of prior years was considered to be independent from the harmonics in the periodic seasonal weather fluctuation because these time windows were identified by intrinsically orthogonal wavelet analysis. A plausible explanation for the influence of 4 to 8 mo WAI values (time-period B) on cracking could be an interaction between the long-term fluctuation of weather conditions in the Texas Gulf Coast Prairie and the structural behavior of smectitic clay minerals in Vertisols. The long-term WAI fluctuation and corresponding weather variation in time-period B correlated positively and significantly with surface cracking. This finding supported the hypothesis expressed by Kishné et al. (2010a) that antecedent soil water content varied with prior weather conditions and correlated with subsequent crack area density. In addition, the surprising but minimal effect of WAI 1 and 2 yr before crack observation might be explained by two different mechanisms.
Long-Term Trend and Seasonal Variation of Water Availability Index
On one hand, the degree of desiccation and related crack extent is one of the critical factors in deep infiltration of water into clayey soils (e.g., Lin et al., 1998; Allen et al., 2005) . After intense drying, rewetting and water redistribution depends on initial water content, rainfall amount, and intensity (Lin et al., 1998; Amidu and Dunbar, 2007) . Therefore, the magnitude of cracking preconditions the amount of water captured, infiltrated, and the degree of subsequent rewetting in a Vertisol. Intensive wetting with short-term repeated wetting-drying cycles may take years and be highly heterogeneous because of slow permeability of the soil matrix (Lal and Shukla, 2004, p. 640) . Consequently, a range of antecedent soil water conditions may develop following different rates of infiltration leading to variable degree of soil water recharge conditions reached by the time just before cracking starts in the next desiccation cycle.
On the other hand, a memory mechanism in Vertisol might be in effect. Memory in a Vertisol matrix would be the capacity of the soil matrix to return to a previous porosity after rewetting from desiccation. This memory mechanism is a different aspect of soil memory from the memory considered as imprints and records of soil-forming factors and processes discussed in numerous publications (e.g., Targulian and Goryachkin, 2004; Yaalon, 2010) and that is used for reconstructing paleo-environmental conditions (e.g., Costantini et al., 2009; Nordt and Driese, 2010; Zhou and Chafetz, 2010) . In the literature, the memory of particulate materials in the context of shrinking-swelling soils has been noted in relation to soil mechanical properties in response to load deformation and hydraulic stresses (Cetin, 2000; Santamarina et al. (2001), p. 142; Baumgartl and Köck, 2004) . Desiccation is also listed among processes that cause stresses on soil structure and alter interparticle contact forces (Cetin, 2000; Santamarina et al., 2001, p. 142) . Since the state of interparticle bonds determines the pore size distribution and soil structure, a shrink-swell memory effect with a decaying function of approximately 2.5 yr might influence the magnitude of soil cracking in smectitic Vertisols, depending on the history of stretches at peak swelling and maximal shrinkage in both soil samples and field conditions. Since desiccation stress may cause a memory effect in the soil, it may also contribute to preconditioning the following recharge process of the soil. Thus, a possible interaction between the two mentioned mechanisms may accentuate shrinking-swelling in Vertisols, acting like an interannual hysteresis cycle.
Further research is needed to explore the observed complex, in situ cracking phenomenon in Vertisols under varying soil wetting histories. If long-term wetting and drying is verified to affect the magnitude of soil cracking under controlled experimental conditions, then developing a mechanistic model of this phenomenon could improve hydrology simulations.
CONCLUSIONS
The complex process of Vertisol cracking at the interface of soil-water atmosphere was investigated by analyzing a water availability index in relation to the magnitude of soil cracking at the soil surface. Results indicated that discrete wavelet decomposition of a simple WAI and subsequent regression analysis was successful in finding significant time windows relating the WAI to surface cracking of Laewest clay. These time windows, intrinsically independent being identified by orthogonal transformation in the wavelet analysis, were significant (p < 0.01) at scales from about 4 mo to 1 wk. Clustered significant time windows pointed to four time periods occurring commonly for microhigh, microslope, and microlow areas. The most significant time period of 1 mo before crack measurements showed the well-known inverse relationship to the extent of cracking, thus it was related to seasonal drying period when change in current soil moisture drives cracking. Weather variation in time period of 4 to 8 mo before crack measurements was positively correlated with cracking extent, and was considered corresponding to variable antecedent soil moisture conditions just before the start of cracking. This finding provides quantitative support to the hypothesis generated from observations in Kishné et al. (2010a) that antecedent soil water content vary interannually and may have a significant and positive influence on in situ surface cracking of Laewest clay.
Surprisingly, weather conditions in time windows possibly connected to the maximum magnitude of previous drying and wetting conditions up to about 2.5 yr also significantly affected the development of surface cracking. The importance of time periods, indicated by the p values in the fitted models, generally decreased with length of time passed. Overall, this study confirmed the notion that long-term weather dynamics underlying the seasonal wetting-drying cycles influences the temporal and spatial distribution of soil cracking. Further research is needed on the long-term driving mechanisms in shrinking-swelling of Vertisols with different clay minerals and under various climatic conditions.
